ABSTRACT Objective: A procedure for acquisition, automated registration, and fusion of functional and anatomical magnetic resonance images is presented. Its accuracy is quantitatively assessed using a publicly available gold standard. A patient case is used to illustrate the technique's clinical usefulness in image-guided neurosurgery.
OBJECTIVE
Intra-operative navigation in neurosurgery requires knowledge of the exact positions of lesions that are surgical targets. In addition, information about the locations of certain functional areas in the operating region reduces the risk of these structures being damaged accidentally.
Positron Emission Tomography (PET) and Single Photon Emission Computed Tomography (SPECT) deliver suitable information by displaying the spatial distribution of radionuclides inside the patient's body. These nuclides are attached to substances like glucose, and their concentration provides information about local metabolic activity (PET), as well as a variety of other biochemical functions (SPECT).
An alternative to these nuclear medicine-related techniques is based upon the so-called BOLD (Blood Oxygenation Level Dependency) effect, the sensitivity of gradient echo sequences to blood oxygenation. 1 During motor or sensor activation, the concentration of deoxygenated hemoglobin falls in the draining venoles and veins. This causes a rise in the perfusion of the involved brain areas. As a further consequence, the local change in the paramagnetic property of the blood leads to an increase of 1-6% in signal intensity in T2*-weighted MRI sequences.
Exploiting this dependency, a single functional MRI (fMRI 2, 3 ) image is computed from a sequence of plain MRI images. The pixelwise image intensities along this sequence are correlated with activations of the brain areas of interest. Such activation can be achieved by having the patients perform periodic activity such as moving their fingers, or by presenting them with repeated sensor excitation.
While PET and SPECT are primarily useful for locating brain lesions, fMRI identifies healthy functional areas of the brain. Using this information, therapy can be planned in such a way as to minimize interference with these areas. For these reasons, it is desirable to integrate fMRI rather than PET into the process of planning neurosurgical interventions. Even more benefit is to be expected if fMRI data is also available for navigation during surgery, enabling the surgeon to assess the locations of access paths and resections in relation to certain functional regions that are to be protected. 4 Another advantage of fMRI becomes apparent as soon as fusion is performed with other modalities, particularly those that display anatomical information. Integrated into the acquisition process, high-resolution anatomical slices are collected at the same locations as the fMRI slices. Registration and fusion of anatomical and functional images is therefore straightforward. However, the slice separation and thickness of the resulting fused images, as well as the total volume covered by them, are identical to the corresponding properties of the Spatial relationship of fMRI (inner box) and volumetric MRI (MP-RAGE acquisition, outer box) in 3D space. Obviously, functional imaging does not cover a volume large enough to capture skin markers required as fiducials for patient-to-data registration. The skin surface was computed by isosurface generation from the volume data. fMRI. They are therefore generally insufficient for intra-operative navigation (Fig. 1) . These aspects not only influence the diagnostic value of the data; they also prevent the exact localization of markers attached to the patient, which means that accurate patient-to-data prospective registration cannot be performed.
Instead, automatic registration algorithms can be employed for robust correlation of the sparse anatomical slices with another morphological imaging modality. Such an anatomical-to-anatomical registration is usually easier to achieve than registration of fundamentally different functional and anatomical images. In this context, so-called voxelbased techniques working directly on the images' gray values have recently been shown to be superior to other methods (e.g., surface-based registration). 5 The present paper first describes a process of data acquisition designed to support fMRI-to-MRI registration by providing additional image data. In particular, high-quality anatomical MRI images are acquired at the same spatial locations as fMRI acquisitions. These are used for registration with MP-RAGE MRI, and later replaced by fMRI during the image fusion process.
The accuracy of the registration procedure is crucial for its successful application. It is therefore quantitatively assessed using images originating from the Vanderbilt Retrospective Registration Evaluation Project. 6 The available data is compiled into three sets with different inter-slice distances and spatial extents. This permits the investigation of the effects of data resolution and image overlap upon the registration errors.
Finally, a patient case involving an imageguided brain tumor surgery is presented. The data for this case originated from routine clinical application of fMRI/MRI image fusion in neurosurgical navigation. So far, 16 patients have undergone similar procedures at the Department of Neurosurgery, Charité/Virchow-Hospital. The case report therefore demonstrates the practical usefulness of the techniques presented in this paper.
MATERIALS AND METHODS

Image Acquisition
MRI data for clinical application originated from a 1.5T MRI scanner (Gyroscan ACS NT, Philips, Best, The Netherlands). Three different data sets were acquired: I. For fMRI computation, 5 slices of T2*-weighted MRI were repeatedly collected using a fast gradient echo sequence (TR: 300 msec, TE: 40 msec, flip angle 35°). Imaging parameters were: pixel size 3.59 mm ϫ 3.59 mm (64 ϫ 64 pixels, FOV ϭ 230 mm), slice thickness 7.0 mm, no gaps. Functional MRI images were computed using evaluation software provided by Philips (Brain Activation Processing Tool, Release 6.1). Functional regions of interest were then identified in fMRI and transferred to one of the original T2*-weighted images (Fig. 2) . Well-established fMRI paradigms were employed for the localization of cortical activation. Among these were finger tapping and toe flexion for the primary motor cortex. Silent speech was used for the motor speech center (Broca), and tactile stimulation of hands and feet activated the sensory cortex in the postcentral gyrus. II. For registration, an additional set of 5 anatomical slices was collected using a standard spin-echo sequence. These were measured immediately after the T2*-weighted series and at the same spatial locations (Fig. 2) without the patient having been moved. These slices were therefore in perfect registration with the T2*-weighted images and the fMRI computed from them. Parameters for the additional slices were: pixel size 0.45 mm ϫ 0.45 mm (512 ϫ 512 pixels), slice thickness 7.0 mm, no gaps. III. For navigation, high-resolution MRI data was acquired using an MP-RAGE sequence (called 3D-FFE on the Philips scanner used). Typical acquisition parameters were: pixel size 0.45 mm ϫ 0.45 mm (512 ϫ 512 pixels), 160 slices, slice thickness 1.0 mm, no gaps.
Image Registration
As mentioned above, fMRI images were computed from a series of T2*-weighted MRI volumes with a set of equivalent high-resolution slices measured immediately afterwards. For this reason, there is a trivial spatial relationship between the functional images and the additional anatomical images (Fig.  2) . This is exploited for registration of fMRI to other anatomical imaging modalities as well. In the present paper, for instance, the other modality is a full MP-RAGE volume. Figure 3 illustrates the process. Registration was performed by optimization of the normalized mutual information similarity measure. 7 This registration criterion was derived as an improvement to the original mutual information measure independently introduced by Collignon, Maes et al. 8, 9 and Viola and Wells. 10 Without going into detail, we have found the normalized version to be more robust when initial misregistrations are large.
For the present setup, unimodal measures of image similarity, such as cross correlation or mean squared difference similarity measures, may also appear suitable. However, as reported in Reference 11, entropy-based measures appear superior to these for certain kinds of MRI-to-MRI registration.
The rigid-body transformation maximizing the chosen similarity measure was determined by an independent implementation of a multiresolution search algorithm based on that described in Reference 12. Prior to iterative registration, the centers of both images were aligned by a pure translation. This is equivalent to choosing the images' centers as the origins of their coordinate systems.
Next, both the reference and model image were successively resampled to coarser resolutions, in particular to voxel sizes of 1, 2, and 4 mm. For this process, neighboring voxels were combined until the resulting voxel size exceeded the desired resolution at that stage. The new voxels' values were determined by volume-weighted averaging of voxel values at the preceding finer resolution. The algorithm used for this resampling step was a special case of a technique presented in Reference 13 for irregular grids. Other than as described in Reference 12, no Gaussian blurring was applied to our image data. Generation of an isotropic grid was unnecessary, thus saving computation time and avoiding additional interpolation errors. Instead, a grid lookup table for each of the coordinate axes allowed access to all voxels in constant time.
The search for the transformation parameters that maximize image similarity was basically identical to the algorithm in Reference 12. Starting from an initial parameter estimate, small changes were independently added to and subtracted from all parameters. For all resulting transformations, the similarity of the model and reference image was computed. Then, registration continued with the set of parameters producing the maximum similarity thus far.
Once no further improvement could be achieved, the step size of the parameter changes was reduced by 50%. The search then continued with the current transformation until the step size reached a minimum of 10 m for translations and 0.01 degrees for rotational parameters. This multiresolution search was repeated for successively finer resolutions of the resampled image data, starting at 4 mm voxel size as described above. In the final stage, the original data was used.
To speed up the process of registration, threedimensional (3D) volume clipping techniques were applied, 14 as well as other optimizations (pre-com- (1) is presented with high spatial resolution in this image. The same is true for one of the markers (2) attached to the patient's head and used for patient-to-data registration during surgery. puted histogram indices, transformed grid lookup tables, and cached similarity measure evaluations). As these are pure implementation details, registration accuracy was not affected.
Validation of Registration Accuracy
Accuracy of image registration was assessed using data originating from the Vanderbilt Retrospective Registration Project. 6 As gold standard transformations based on bone-implanted fiducial markers 15 are known for that data, the accuracy of the automatic registration algorithm could be quantified.
In particular, data from Vanderbilt was registered in Berlin without knowledge of the correct transformations. The parameters found were then sent back to Vanderbilt by e-mail. There, the deviation of the blinded registration from the gold standard solution was computed for 10 anatomical regions in the data. Statistical analysis was then applied to these errors. A complete description of the accuracy assessment procedure is given in Ref-
From the data provided by the Vanderbilt group, T2-weighted MRI to MP-RAGE registration was chosen to represent the situation in the present study. T2-weighted images were used because they best matched the properties of the images used for registration in the clinical situation described here. The total number of patients with existing MP-RAGE data is 9 (patients 101-109). However, there was no T2-weighted data for one of these patients (patient 103). This left a total of 8 patients that could be used for the present investigation. For these patients, MP-RAGE images consisted of 256 ϫ 256 ϫ 128 voxels, with the in-slice pixel sizes ranging from 0.98 to 1.00 mm, and slice thickness from 1.25 to 1.66 mm.
From the fMRI acquisition as described in the Image Acquisition section above, only five anatomical MRI slices corresponding to fMRI were available for registration in the clinical environment. To reflect this in the registration accuracy assessment, the original T2-weighted volumes of the Vanderbilt data (52 slices) were reduced accordingly. In particular, a subset of only five slices with a uniform spacing of 6 mm (twice the original spacing) was selected from the original T2-weighted data. This was done to match the 7-mm spacing of fMRI data as closely as possible without having to apply interslice interpolation. Matrix size and pixel calibration of the original images remained unmodified.
In order to focus on regions of diagnostic interest, the range of slices used from each patient was independently chosen in such a way as to cover the relevant lesions for that particular patient. Table  1 gives details of which slices were used from the T2-weighted data for the respective patients. It also contains information about how the resulting transformations had to be processed to be comparable to the available gold standard registrations. As more recent MRI scanners are capable of acquiring more than just 5 slices of fMRI, two additional trials using 10 slices of T2-weighted data were run. For the first of these, the previously removed odd slices were added again. Therefore, the resulting data covered the same volume as the 5-slice set, but with twice as many slices. For the second 10-slice data set, 5 additional even slices were added to the ends of the 5-slice sets. Thus, the resulting 10 slices had the same slice distance of 6 mm but covered twice the volume. The intention of this setup was to investigate whether, with regard to registration accuracy, the ability to acquire additional slices should be used to cover a larger volume or to decrease slice distance.
In total, registration and accuracy assessment was performed for the following three sets of sparse images, labeled (A)-(C):
(A) 5 slices, 6 mm slice distance, (B) 10 slices, 3 mm slice distance, (C) 10 slices, 6 mm slice distance.
The range of slices from the original data used for set (A) is given in Table 1 . For set (B), the odd-numbered slices in the respective ranges were added to (A); for set (C) the subsequent 5 evennumbered slices were added instead.
Obviously, changes in the data setup also affect the correct registration parameters. All transformations found were applied to the MP-RAGE data. Therefore, removal of slices from the (untransformed) T2-weighted data only affects the ztranslation component. In particular, to compensate for all modifications, appropriate offsets were added to this component of all registration transformations (Table 1) . Since, for each patient, the initial number of slices removed was the same for sets (A), (B) and (C), the correction offsets were identical as well.
Finally, all registration results were subjected to visual inspection. Complying with the policy of the original Vanderbilt study, patients for whom the transformations were identified as failed were excluded from assessment.
Image Fusion
After registration, clinical MP-RAGE images and fMRI were fused into a single gray-scale image by an overlay-based technique. This had been suggested in Reference 16 and was later demonstrated for CT and MRI 17, 18 in order to combine bone presentation from CT with soft-tissue information from MRI. Other groups such as Levin et al. 19 applied a more intuitive color encoding of functional information to distinguish it from gray-scale anatomical data. However, due to the limited visualization capabilities of the surgical navigation system to be used, this was not an option here.
Functional information was delivered by the available MRI scanner as T2*-weighted images with overlaid regions defining fMRI activation above a certain threshold (Fig. 2a) . This was done to provide an additional plausibility check, although, because of fast acquisition, T2* image quality is generally too poor to identify any anatomical details. As the gray-level of the activated regions was chosen to be far above the maximum gray-level of the original MRI, an intensity threshold could be defined, separating both. Regions above the threshold were then overlaid onto the corresponding MP-RAGE images, replacing the original data there.
The resulting data thus showed the ROIs defined in fMRI and the unaltered MP-RAGE data where no ROI was present (Fig. 4) . The combined data set was then reformatted into new 2D slices. This was done with respect to the MP-RAGE data, so the reformatted fused images had the same spatial resolution and were also in exactly the same orientation as the original MP-RAGE images.
As a further consequence, no interpolation was required for the anatomical data during image The even-numbered slices in the range given for each patient were contained in the sparse T2-weighted set (A). Indexing starts with slice #1. The original number of slices was 52 for all patients. Patient 103 is not included because no T2-weighted data was available.
fusion. For the binary functional overlays, simple trilinear interpolation was employed. Although trilinear interpolation basically becomes nearestneighbor interpolation for binary data, no interpolation artifacts were observed in our application. Therefore, application of more specialized techniques was not found to be necessary.
Communication and Surgical Navigation
The fused images generated by the procedure described above were written to files conforming to the DICOM standard. These were subsequently communicated to an MKM operating microscope (Zeiss, Oberkochen, Germany) via campus-wide LAN, using the standard FTP protocol. After import into the surgery planning software, the images were employed for target definition, replacing the plain MP-RAGE images used otherwise. Consequently, they were also used for intra-operative navigation, providing the surgeon with additional functional information during the intervention.
RESULTS
Registration Accuracy Assessment
The accuracy assessment results for registration of original and sparse Vanderbilt data are presented by patient in Table 2 . A first observation is that all sets produced fairly consistent errors for each of the patients (Fig. 4) . We note that there is a high degree of correlation between the mean error for each patient for the complete data and that for sets A, B and C. The Pearson's correlation coefficients comparing the patient means for the complete data with those for sets A, B and C respectively were 0.96, 0.88 and 0.97. In 1 of 7 cases using sets A and B (patient 106), visual inspection identified the transformation delivered by the registration algorithm as being incorrect. There were no failed registrations for either complete data or sparse set C. After initial manual registration, the automatic algorithm did find a satisfactory result. With a preceding adjustment of the z-translation component, automatic registration delivered mean errors of 2.79 mm (A) and 2.85 mm (B). Repeating registrations of complete data and set C with the identical initial transformation, the mean errors for these were 3.05 mm and 2.89 mm, respectively. However, these results were clearly not independent of the individual starting estimate. Patient 106 was therefore marked "failed" in both cases and excluded from further analysis.
Registration accuracy for sparse data was not The upper three rows give the results for complete data (52 slices, 3 mm slice distance). Below are the results for sparse data: (A) 5 slices/6 mm slice distance, (B) 10 slices/3 mm slice distance, (C) 10 slices/6 mm slice distance. All error measurements are given in millmeters.
appreciably worse than when using the complete 52 slice/3 mm data. In fact, accuracy in terms of median errors was found to be even better in 6 of 7 cases using sets A and B. For set C, median errors were better than for complete data in 7 of 8 cases. Table 3 summarizes the registration error for all patients (excluding patient 106 for sets A and B as mentioned above). We compared the mean error for each patient in sets A, B, and C with the corresponding mean for the complete data. For sets A and B, there was no significant difference in accuracy between the sparse data and the complete data (two-tailed paired t-test, p Ͻ 0.05, including Bonferroni adjustment). For set C, the mean error was significantly smaller for the sparse data than for the complete data (two-tailed paired t-test, p Ͻ 0.05, including Bonferroni adjustment). A possible explanation for the fact that registration was significantly better than with the complete set when using set C, but not when using sets A and B, is that there was one more patient in the comparison between the set C results and the complete set, which gives the t-test more power.
Computational Efficiency
Registration times for complete and all sparse T2-weighted sets of MRI images from the Vanderbilt project are presented in Table 4 . All optimizations of the registration transformation were performed using a minimum step size of 10 m for translational and 0.01 degrees for rotational parameters (see Image Registration section above). These times were obtained using an SGI O2 workstation (Silicon Graphics, Mountain View, CA). This machine was equipped with an R5000 CPU running at 175 MHz. Memory size was 256 MB, which was sufficient to hold all data, including the hierarchically resampled images for multiresolution registration.
While registration time for complete data was about 40 minutes per patient, it was down to approximately 5 minutes for 5-slice sparse data (set A). Using 10 slices (sets B and C), registration time was reduced to approximately 6 -7 minutes. These reductions were caused by the smaller number of voxels needing to be considered when registering sparse data. There was no linear relationship between the number of slices and the registration time, however, as a constant amount of preprocessing time for MP-RAGE data resampling is also included in the given values.
For the data taken from the patient presented in the case report below, for instance, resampling of the MP-RAGE data (512 ϫ 512 ϫ 160 pixels, 0.45 mm pixel size, 1 mm slice distance) to voxel sizes of 1, 2, and 4 mm required a total of 41 seconds. However, the corresponding 5-slice sparse MRI data was resampled to the same resolutions in little more than a second. Both numbers refer to the computer system described above.
Another reason for the non-linear relationship of data size and registration time is that the evolution of the registration transformation during optimization is also different for different data. The outlier in terms of registration time for sparse set C, for example, was patient 106. As mentioned previously, registration failed completely using sparse sets A and B for this particular patient. As the increased registration time for set C suggests, patient 106 was a more difficult task to complete than the other patients even for that set.
In addition to the times given in Table 4 for an SGI workstation, some registrations were repeated on a different computer system (Pentium II-based PC, 450 MHz clock speed, 384 MB of RAM, running Windows NT 4.0). Registration times here were further reduced by a factor of 2, typically requiring 20 minutes for complete data and 3 minutes for sparse data. For clinical images, registration times only slightly exceeded those experienced during the validation, typically requiring 10 minutes on the SGI workstation and about 5 minutes on the PC.
Compared to the measurements given above, To avoid bias caused by potential partial image overlaps, the means and medians were computed from the volumes of interest used for accuracy assessment (see Reference 6), i.e., not from the values in Table 2 .
imaging requires significantly more time. A typical fMRI acquisition comprises four repetitions of activation and rest, taking 4 -5 minutes in total. This process has to be replicated for each functional region of interest, so, for example, application of three different activation paradigms results in functional acquisition time adding up to 15 minutes. Total imaging time is further increased by 9 minutes for MP-RAGE acquisition and by up to 1 hour for fMRI computation and evaluation. Taking into account scanner setup and patient handling, the image generation process typically requires up to 90 minutes for completion.
Case Report
To demonstrate the clinical usefulness of the procedure described in this paper, we present the case of a 55-year-old male patient suffering from a grade II-III (biopsy confirmed state III) cystic glioma. Functional MRI was employed to investigate the spatial relationship between the tumor and motor speech area (Broca's area). During fMRI acquisition, the patient was stimulated according to the "silent speech paradigm" in order to minimize motion artifacts caused by head movements. The anatomical and functional MRI images of this patient are shown in Figure 2 . In Figure 5 , a combined presentation of MP-RAGE and T2*-weighted MRI provides a visual impression of registration accuracy for this particular patient.
Fused data were also used for navigation dur- shown is an MP-RAGE slice overlaid with isolines generated from the accordingly reformatted T2*-weighted image used for fMRI computation.
Fig. 6.
Fused images corresponding to the operating region. During surgery, the axial image (a) was reformatted along the optical axis (dashed line) of the MKM operating microscope. (b) corresponding image reformatted perpendicular to the optical axis is displayed. The cross in the lower image represents the exact position the microscope was focused upon when the images were generated. In addition, contours outlining the tumor and Broca's area had been defined during surgery planning. These were also overlaid on the microscope view presented to the surgeon for orientation during the intervention.
ing surgery. Figure 6 shows slices reformatted during surgery to match the current location in the operating region being viewed by the surgeon. From the ROIs defined in fMRI and overlaid upon the anatomical MRI data, the spatial relationship between the tumor, the cyst, and Broca's area could clearly be recognized. Using this information, the neurosurgeon performing the tumor resection was able to minimize damage to the patient's motor speech area. In addition to the case presented above, 15 other patients have so far been treated in a similar fashion. Among these were 10 gliomas, 3 cavernomas, one meningioma, and one suspected tumor that was found to be an abscess during the intervention. Of the 16 patients, 81% (n ϭ 13) had the respective lesions localized in the left hemisphere, and 19% (n ϭ 3) had the lesions in the right hemisphere. The average patient age was 46 years (range 16 -67 years, standard deviation ϭ 16). Thirty-one percent (n ϭ 5) of all patients were female, 69% (n ϭ 11) were male.
Registration and fusion of anatomical and functional data for all these patients worked just as seamlessly as for the case presented here in detail. In particular, no failed registrations were experienced with clinical image data. Consequently, other than with the Vanderbilt images, no manual initial registration was ever required for the "real" data.
DISCUSSION
Using the Vanderbilt data, accuracies found for registration of sparse T2-weighted images to MP-RAGE data were similar to those achieved using the complete set (52 slices) of T2 images. Therefore, the small number of slices available from fMRI acquisition did not appear to impose a severe restriction (Table 2 ). In fact, registration accuracies were even slightly better using sparse data. A possible reason for this may be the restriction of the data to areas close to its center, thus avoiding the increased geometric distortion usually found near the edges of MRI images. We note that it does seem counter-intuitive for a subset of the data to be registered more accurately than the complete set, and we would not expect this to be the case in general. However, these results serve to demonstrate that there was no significant loss of accuracy using data subsampled in this way.
Although total registration errors (maximum 4.51 mm) may appear critical for subsequent surgical navigation at first sight, all values given are true 3D distances. For sparse data A and C in particular, all errors were less than the slice distance of 6 mm, and sub-voxel accuracy was achieved. Furthermore, mean and median errors were only about half the size of the maximum errors, so even for a slice distance of 3 mm in the original data and sparse set B, these errors were clearly below voxel size.
In addition, one should keep in mind that the functional information provided by fMRI is primarily used to identify at-risk structures. Therefore, as surgeons are aware of the expected order of magnitude of the registration error, they can easily add a safety margin to functional areas during surgery planning. For this purpose, the size of the functional region with respect to the registration error is obviously irrelevant. Furthermore, safety margins induced by errors as small as those found in these experiments are not considered by the participating surgeons to limit their freedom of action during the intervention.
The system appeared to be relatively robust: the only failed registrations occurred during validation (patient 106, sparse sets A and B) and could easily be identified by visual inspection. These can therefore be considered harmless. In addition, failure of the automatic algorithm could be avoided by manual determination of an initial transformation, providing sufficient overlap of the imaged region in both images.
Failure by itself did not, therefore, indicate a weakness of the registration algorithm. To increase robustness would require an additional strategy for finding initial transformations. As we have shown, this can be done manually. In the present context, therefore, an automatic replacement technique, although of great general interest, would only lead to a minor increase in the general usefulness of the algorithm.
The importance of reasonably posed registration problems is also indicated by another observation: Using 10 slices instead of 5, failure could be avoided when the total volume covered was increased. However, covering the same volume with half the slice distance did not make a difference. This leads to the conclusion that, if additional data can be made available to support the registration, a larger field-of-view is more likely to be beneficial than increased spatial resolution.
It has been shown that the integration of automatic registration in the described context does not slow down the whole process significantly. As a consequence of the limited amount of data available for registration, processing time is, in fact, negligible compared to imaging time.
CONCLUSION
This paper showed that the close connection between anatomical and functional MRI imaging can be exploited for easy registration and fusion of both. By comparison to gold standard transformations in a similar context (the Vanderbilt study), registrations using a limited number of slices did not decrease registration accuracy. This was true for all sparse data sets used.
Imaging devices are gradually becoming capable of acquiring larger numbers of fMRI slices. The results of this paper indicate that these can be used to cover larger volumes and thus assist in reducing failed registrations.
Finally, it has been demonstrated that the integration of image acquisition, processing, and surgical navigation into a common schedule allows routine application of the techniques presented. Therefore, use of functional MRI provides a promising method for gaining insight into the relationship between anatomical and functional brain structures during stereotactic neurosurgery.
